All relevant data are within the paper and its Supporting Information files.

Introduction {#sec001}
============

The advancement of the ubiquitous Internet has resulted in the emergence of unprecedented types of currencies that are distinct from the established currency system. The rise of these so-called cryptocurrencies, of which the total supply is increased by using a unique method known as "mining", has changed the way economic transactions are conducted among Internet users to a great extent. Following the introduction of Bitcoin in 2008\[[@pone.0177630.ref001]\], a range of cryptocurrencies comparable to Bitcoin have come into existence since 2010\[[@pone.0177630.ref002]--[@pone.0177630.ref004]\]. Currently, Bitcoin and other cryptocurrency variants are often used for online payments and transactions\[[@pone.0177630.ref004]--[@pone.0177630.ref006]\] with their circulation gradually increasing over time\[[@pone.0177630.ref003], [@pone.0177630.ref006]\].

In parallel with the increasing circulation of Bitcoin, a growing number of Bitcoin users take to social media or online Bitcoin forums to share information\[[@pone.0177630.ref006]\]. Yet, despite the plethora of information posted by Bitcoin users, the linkage between such postings and Bitcoin transactions has not been well-documented.

The present research builds on previous findings regarding Bitcoin-related online forums, and proposes a method to analytically predict the fluctuations in Bitcoin transaction counts and value using the data collected from user comments posted on the online forum. First, we extracted keywords of interest from user comments on the online forum. We analysed the relationship between the Bitcoin transaction count and price based on the extracted keywords and quantification. Then, we developed a model based on deep learning\[[@pone.0177630.ref007], [@pone.0177630.ref008]\] to predict the Bitcoin transaction count and price. The proposed method efficiently processed the readily accessible online data, and identified as well as utilized the elements that online forum users perceived as important.

Related work {#sec002}
============

Research on cryptocurrencies, particularly on Bitcoin, has been extensively conducted from diverse perspectives, e.g. the analysis of user sentiment as manifested by social media including Twitter\[[@pone.0177630.ref009], [@pone.0177630.ref010]\]. The aim is to determine the value of Bitcoin relative to social phenomena and incidents that have taken place since the introduction of the currency. These social phenomena and incidents include research on the extent to which Bitcoin price fluctuations are related to web search query volumes on Google Trend and Wikipedia, i.e. the extent to which these query volumes predict the Bitcoin price and trade volume\[[@pone.0177630.ref011]--[@pone.0177630.ref014]\].

Some recent research has focused on the characteristics of Bitcoin online forums. People who share common interests tend to post comments concerning certain topics on online forums\[[@pone.0177630.ref015]--[@pone.0177630.ref019]\]. Bitcoin is mostly traded on the web with many users making buying/selling decisions based on information acquired on the Internet\[[@pone.0177630.ref006], [@pone.0177630.ref020]\]. Therefore, it is possible to observe how users respond to daily Bitcoin price fluctuations, and to identify or predict future fluctuations in the Bitcoin price and trade volume \[[@pone.0177630.ref006], [@pone.0177630.ref020]\]. In addition, forum users are analysed and classified into Bitcoin user groups\[[@pone.0177630.ref006]\].

Some researchers simply analysed sentiments based on comments posted by forum users or focused on users per se without considering the information derived from cumulative user comment data gathered during a sample period\[[@pone.0177630.ref017], [@pone.0177630.ref021], [@pone.0177630.ref022]\], while others analysed online user comments.

In this regard, topic modelling has been actively explored as an effective technique for analysing user opinions from their online textual postings\[[@pone.0177630.ref023]\]. Topic modelling\[[@pone.0177630.ref024], [@pone.0177630.ref025]\] is a text-mining technique that extracts a set of prevailing topics and relevant keywords out of a large-scale document corpus. This topical information provides users with an instant overview of the corpus, thereby obviating the need to read through comments, which would otherwise be a tedious, time-consuming process.

Recently, collaborative filtering and topic modelling have been integrated for generating scientific article recommendation systems on an online community\[[@pone.0177630.ref026]\]. A Temporal Latent Dirichlet Allocation (TM-LDA) system was used to conduct an in-depth analysis of the online social community by employing an advanced Latent Dirichlet Allocation (LDA) topic modelling algorithm\[[@pone.0177630.ref027]\]. Likewise, application of the LDA approach to Chinese social reviews revealed the sentiments underlying some social events and services\[[@pone.0177630.ref028]\].

Methods {#sec003}
=======

System overview {#sec004}
---------------

This section provides an overview of the proposed method. First, we gathered the data relevant to Bitcoin for the purpose of the experiment. More specifically, Bitcoin-related posts on the online forum, daily Bitcoin transaction counts, and its price were gathered. We also extracted and rated significant keywords from the data gathered on the online forum. Then, we selected the data of higher score ratings to generate the prediction model based on deep learning and used the model to predict the fluctuation in the Bitcoin price and transaction count (see [Fig 1](#pone.0177630.g001){ref-type="fig"}).

![System overview.](pone.0177630.g001){#pone.0177630.g001}

Data crawling {#sec005}
-------------

Data crawling was the first step in our analysis. The online environment for Bitcoin transactions is well defined and the rise/fall in its price depends on the supply and demand arising from users \[[@pone.0177630.ref002], [@pone.0177630.ref003], [@pone.0177630.ref005], [@pone.0177630.ref006]\]. We postulated that user comments on the targeted online Bitcoin forum would have an impact on the fluctuation of the Bitcoin price and transaction count. Thus, we crawled and analysed the relevant data.

The large online forum is home to a variety of Bitcoin-related topics, where users actively engage in conversations by posting comments and forming threads\[[@pone.0177630.ref006], [@pone.0177630.ref029]\]. The bulletin boards on the Bitcoin online forum are largely comprised of four different sections. Each section consists of three to five sub-sections. For example, the 'Bitcoin' section is sub-divided into 'Development & Technical Discussion', 'Mining', 'Bitcoin Discussion', 'Project Development', and 'Technical Support'. We crawled the 'Bitcoin Discussion' subsection under the 'Bitcoin' section where comments are posted most actively.

The threads of comments and replies posted from 1 December 2013, when Bitcoin started to sweep the globe, until 21 September 2016 were crawled. Each thread, including the topics and all relevant replies, the time when such posts appeared on the forum, the number of replies posted, and view counts were crawled as well. Duplicate sentences were removed from the replies that quoted earlier posts or replies prior to crawling. We collected data in a legitimate manner, in compliance with the terms and conditions. Moreover, the collected data did not involve any personally identifiable information. The.json files of the Bitcoin forums crawled are presented in the Supporting Information.

Furthermore, we used Coindesk to crawl the daily Bitcoin price and the number of transactions for the abovementioned sample period (See [Table 1](#pone.0177630.t001){ref-type="table"}).

10.1371/journal.pone.0177630.t001

###### Summary of crawled data.

![](pone.0177630.t001){#pone.0177630.t001g}

  Opinion Topics                                                                                        
  --------------------------------------------------------------------- ------------------------------- -------------------------------------------------------
  Bitcoin Forum ([https://bitcointalk.org](https://bitcointalk.org/))   Dec. 01, 2013\~ Sep. 21, 2016   17,381 forum articles, 627,122 user comments
  CoinDesk (Bitcoin Prices and Transactions)                            Dec. 01, 2013\~ Sep. 21, 2016   1,026 Prices and Transactions Value (1 value per day)
  Google Trends (Bitcoin)                                               Dec. 01, 2013\~ Sep. 21, 2016   1,026 Google Trends Values (1 value per day)
  Wikipedia Usage (Bitcoin)                                             Dec. 01, 2013\~ Sep. 21, 2016   1,026 Wikipedia Usage Values (1 value per day)

In addition, we reinforced the learning model by crawling the widely used Google Trend data and Wikipedia usage data. Google Trend shows the search interest in a certain keyword on a scale of 1 to 100 based on its search volume on Google for a certain sample period. Google Trend data is widely used to analyse data and phenomena in multiple disciplines\[[@pone.0177630.ref030]--[@pone.0177630.ref034]\]. We gathered Google Trend data related to the keyword "Bitcoin". The Wikipedia usage volume data is based on the page views of a certain keyword on a certain day, and broadly used in many analytical studies on data or Internet phenomena\[[@pone.0177630.ref034]--[@pone.0177630.ref036]\]. Again, we gathered data about the keyword "Bitcoin" on Wikipedia. [Table 1](#pone.0177630.t001){ref-type="table"} outlines the arrangement of opinion and market data crawled.

Analysis of user comment data {#sec006}
-----------------------------

Our intention was to extract significant keywords used in Bitcoin transactions from the aforementioned crawled data. Therefore, we conducted topic modelling on every user comment to extract the keywords, which were in turn subjected to kernel density estimation for score rating.

### Concept building {#sec007}

Our main goal was to extract quantitative features related to diverse characteristics from documents (see [Fig 2](#pone.0177630.g002){ref-type="fig"}). We considered the feature value as the degree of relevance for a feature. In detail, the feature value represents the extent to which a document has a particular characteristic. For example, sentiment analysis concerns one such quantitative feature, or the extent to which a document is positive or negative. We generalised this idea to various other user-defined characteristics. Examples of such characteristics include the extent to which a document is related to finance, immigration, and family issues. In particular, we built a lexicon, i.e. a set of keywords, relevant to the characteristics and utilised it to assign a feature value to a document by computing the degree to which the document contains those characteristics defined in the lexicon and other potentially relevant keywords. In this study, we considered a characteristic to be a concept describing a particular phenomenon or object, and defined a concept by constructing a set of keywords, whose meanings were relevant.

![Concept for building the workflow.](pone.0177630.g002){#pone.0177630.g002}

Concepts can play an important role in document analysis in diverse fields. That is, one can build useful domain-specific concepts in economics, politics, and social sciences and define the characteristics of documents with respect to these concepts. In the case of a spam-filtering task on documents and comments, for example, we can actively employ a 'spam' concept consisting of suspicious terms that usually appear in spam mails to measure the likelihood of the comment being unsolicited mail.

Here, the concept building process was composed of two steps: (1) the initial construction of a relevant keyword set, followed by its (2) user-interactive expansion. In order to facilitate the first step, we provided a user with the initial sets of coherent keywords obtained with two different techniques. The first technique we used was topic modelling, which algorithmically computes those representative keywords emerging from a document corpus. The user can then select some of them as an initial word set for their own concepts. As the other method to provide initial keywords, we computed the representative keywords from the centroid vectors obtained by k-means clustering on word embedding vectors\[[@pone.0177630.ref037]\].

Once a user formed an initial, small-sized lexicon for a particular concept, the second step was to interactively expand it by using a recently proposed visual analytics system named ConceptVector. Based on the initial lexicon given as user inputs, ConceptVector recommended potentially relevant keywords to enable users to easily add a subset of them to the lexicon. As the lexicon expanded, ConceptVector adjusted the recommended keywords that match the semantic meaning of the concept.

The foregoing procedure is discussed further below.

### Topic modelling for initial lexicon building {#sec008}

The topic modelling approach we used to extract representative keywords emerging from a document corpus is non-negative matrix factorisation, where the non-negativity allows users to interpret the value from factor matrices as the relevance score of a word or a document to a particular topic as mentioned above.

In particular, we constructed a document-term matrix *A* from the 17,381 forum articles and 627,122 user comments collected from the Bitcoin forum (See [Table 1](#pone.0177630.t001){ref-type="table"}). Each article contains five attributes, 'content', 'topic', 'comments', 'date', and 'views', whereas each comment contains 'content' and 'date' features. Using the \`date' field, we split the document-term matrix per day for our analysis. We then applied the topic modelling to each so as to extract the different topic sets and their representative keywords across different dates.

The mathematical details of this process are as follows. Given a document-term matrix $A \in \mathfrak{R}^{m \times n}$ where *m* is the number of articles and *n* is the dictionary size, Non-negative Matrix Factorization(NMF) approximately factorises it into two matrices $W \in \mathfrak{R}^{m \times d}$ and $H \in \mathfrak{R}^{d \times n}$, where *d* represents the number of topics (50 in our study), e.g. $$\left. \min_{W,H} \middle| \middle| V - WH \middle| \middle| {}_{F},\ {where}\mspace{9mu} W \geq 0,H \geq 0 \right.$$

The columns in the resulting matrix W correspond to different topics and the keywords corresponding to the dimensions of the *k* largest value in each column function as the representative keywords of the topic.

### Expanding the lexicon via word recommendation {#sec009}

We proposed two types of concepts in the system. A unipolar concept represents exactly one concept such as crude oil and immigration. A bipolar concept has two polarities that oppose each other, e.g. positive vs. negative, progressivism vs. conservatism. In the case of building a concept, the system has positive, negative, and irrelevant word sets. When a user provides a word as an input, the system provides 50 recommended words that are potentially relevant to the seed word. We then automatically sorted the recommended words into five clusters, using the *k*-means clustering, to gather closely related terms into one group.

Once the lexicon of a concept is created by user interactions, the document rating process utilises the concept built in the process above. Because of the lack of expression resulting from the limited number of words a person could manage, we applied the kernel density estimation (KDE) in the word rearranging phase.

### Computation of document relevance to concept {#sec010}

Prior to the KDE, the concept had a limited number of descriptive terms for a characteristic, which resulted in a lack of expression and description. Therefore, the KDE served for the probabilistic smoothing over every word. This smoothing process is the most important procedure for document analysis since the score rating process cannot consider synonyms or closely related words that also represent a specific concept. Based on the assumption that the input terms describe the concept sufficiently well, we constructed a kernel that exerts influence on the entire vocabulary. ConceptVector adopts a Gaussian kernel as described below.

For the class *y* ∈ {*positive,negative,irrelevant*}, the conditional probability for each class can be calculated by the distance function *d* that represents the distance between a word in the word set in each class and the kernel *k* that ensures a proper balance between the given word and the others. The conditional probability of a keyword *z* for a class *c* can be computed as below: $$p\left( z \middle| {y = c} \right)\left. = \frac{1}{\#\left( x \in c \right)}{\sum_{x_{i} \in c}{k\left( d\left( x_{i} \right. \right.}},z \right))$$ which can also be seen as the relevance score to each class.

Since our final goal was to obtain scores by taking all classes into consideration, we rated a concept in view of all classes. For instance, 'happy', in the case of a bipolar concept, was rated for the positive, negative, and irrelevant classes. We calculated the bipolar rating as below: $$biscore\left( z \right) = rel\left( z \right) \bullet \left\{ p\left( {y = positive,z} \right) - p\left( {y = negative,z} \right) \right\}$$ $$rel\left( z \right) = 1 - p\left( y = irrelevant \middle| z \right)$$

The range of the bipolar score is \[-1, 1\] because the max value of *p*(*y* = *positive,z*) and *p*(*y* = *negative,z*) are 1.

Prediction modelling {#sec011}
--------------------

### Granger causality test {#sec012}

The Granger causality test is based on the supposition that if a variable X causes Y, then any change in X will methodically happen before any change in Y\[[@pone.0177630.ref017], [@pone.0177630.ref022], [@pone.0177630.ref038]\]. As shown in past research, slacked estimations of X display a measurably noteworthy connection with Y\[[@pone.0177630.ref017], [@pone.0177630.ref022], [@pone.0177630.ref038]\]. Nevertheless, connection does not imply causation. We test whether the time arrangement of a discussion of conclusions contains any prescient data with respect to vacillations in the Bitcoin transaction and price.

Our time arrangement at the Bitcoin transaction count and price, indicated by *S*~*t*~, reflects day-to-day change in the Bitcoin transaction count and price. To test whether the idea of gathering feelings in the time arrangement could forecast the change in the vacillation in terms of the Bitcoin transaction and price, we considered the difference clarified by two linear models as in ([5](#pone.0177630.e008){ref-type="disp-formula"}) and ([6](#pone.0177630.e009){ref-type="disp-formula"}) below. The first model uses just *n* slacked estimations of *S*~*t*~ for the forecast. However, the second model uses the *n* slacked estimations of both *S*~*t*~ and the time series of a concept of forum opinions, meant by *X*~*t*−1~,⋯,*X*~*t*−*n*~. We completed the Granger causality test as indicated by the models in ([5](#pone.0177630.e008){ref-type="disp-formula"}) and ([6](#pone.0177630.e009){ref-type="disp-formula"}).

![](pone.0177630.e008.jpg){#pone.0177630.e008g}
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In view of the consequences of the Granger causality test, we can reject the null hypothesis, whereby the time series of a concept of forum opinions does not predict fluctuations in the Bitcoin transaction count and price with a high level of confidence. The Granger causality test was performed on the Bitcoin transaction count and price for a time lag of 1 to 12 days.

### Deep learning model {#sec013}

Using the gathered data and the analysed and rated comment data, we built a model for predicting the fluctuation in the Bitcoin price and transaction through deep learning. Deep learning is widely used for addressing diverse challenges\[[@pone.0177630.ref008], [@pone.0177630.ref039]\]. Despite the quantitative and qualitative increases in Bitcoin-related formal and informal data following the broadening applicability of Bitcoin, deep learning has rarely been used to explore Bitcoin price trends and to address other Bitcoin-related challenges. We created a setting to apply deep learning to the data spanning a period of 2.8 years.

As the first step, we standardised the data to improve its applicability to the learning model. An example of applicable input data is provided in [Table 2](#pone.0177630.t002){ref-type="table"}.

10.1371/journal.pone.0177630.t002

###### Example of deep learning data set.

The z-score ($Z_{\mathbb{E}_{t}} = \frac{\mathbb{E} - \overline{x}\left( \mathbb{E} \right)}{\sigma\left( \mathbb{E} \right)}$, where $\overline{x}\left( \mathbb{E} \right)$ and $\sigma\left( \mathbb{E} \right)$ represent the mean and standard deviation for every date, respectively) of data for the previous 12 days (*t* = 12) was used as the values.

![](pone.0177630.t002){#pone.0177630.t002g}

  Data Class                  Date          KDE-Based Concept Scoring Data   Formal Data                                                                                                                                                                           
  --------------------------- ------------- -------------------------------- ------------- ------------- ------------- ------------- ------------- ------------- ------------- ------------- ------------- ------------- ------------- ------------- ------------- -------------
  Crawled and Analysed Data   1 Sep. 2016   *A*                              *B*           *C*           *D*           *E*           *F*           *G*           *H*           *I*           *J*           *V*           *W*           *X*           *Y*           *Z*
  Input Learning Data         2 Sep. 2016   $Z_{A_{t}}$                      $Z_{B_{t}}$   $Z_{C_{t}}$   $Z_{D_{t}}$   $Z_{E_{t}}$   $Z_{F_{t}}$   $Z_{G_{t}}$   $Z_{H_{t}}$   $Z_{I_{t}}$   $Z_{J_{t}}$   $Z_{V_{t}}$   $Z_{W_{t}}$   $Z_{X_{t}}$   $Z_{Y_{t}}$   $Z_{Z_{t}}$

Subsequently, to use the input data for prediction, we set up a deep learning model. Multiple hidden layers were accumulated for learning to identify deep data structures. Specifically, 1, 2, 3, and 5 hidden layers were constructed to select the layer structure that returned the best possible prediction result. The number of neurons that were allocated to each hidden layer was 1,024.

As for the input layers, based on the input data provided in [Table 2](#pone.0177630.t002){ref-type="table"}, 15 input data points were represented as serial vectors to allocate neurons based on the cumulative number of days spent on learning, i.e. 45, 75, 105, and 180 neurons were allocated to cumulative 3, 5, 7, and 12 days. As for the output layer, two neurons were allocated while the probability of rise/fall was represented with the softmax function. The prediction model was built using Google Tensorflow\[[@pone.0177630.ref007]\], and GPU operation (nVIDIA CUDA) was used to accelerate the deep learning process.

Results {#sec014}
=======

Concept building results {#sec015}
------------------------

[Fig 3](#pone.0177630.g003){ref-type="fig"} shows the concept derived from the concept building phase and the words constituting the concept. We focused on a general phenomenal analysis of the meanings of the concept, rather than analysing all the words constituting the concept.

![Ten topics generated by the Bitcoin forum documents.](pone.0177630.g003){#pone.0177630.g003}

Because mining is a means of earning Bitcoin, many users share their opinions about its efficiency. In addition, the fundamental algorithm by which the Bitcoin is operated, namely 'blockchain,' is often discussed. Other than mining, Bitcoin can also be earned by transactions. Therefore, it is possible to conduct transactions with investment character, in which case related concepts include 'transaction' and 'investment'. Moreover, the 'wallet', a kind of repository in which Bitcoin can be stored and used in subsequent transactions via mining, has given rise to many opinions. In addition, it would be possible to more accurately verify users' considerations when they use Bitcoin through 'security' concepts relative to the problems that may occur as a result of mining and transactions.

The 'silkroad', a large marketplace that uses Bitcoin as a currency, has been exploited for illegal transactions and money laundering. Security therefore not only became a popular issue on the Bitcoin forum but also resulted in social problems, leading to the closure of the site. Although the situation was resolved when the site was closed towards the end of 2013, words regarding related exchange markets and companies attracted considerable attention from users. Therefore, many opinions on illegality related with the use of Bitcoin and consequent problems were verified through the concept of 'illegality'.

Since the emergence of Bitcoin, many types of similar cryptocurrencies have been developed and are in use. Users' discussion on the presence and availability of other cryptocurrencies can be found through the 'altcoin' concept. China dominates the pricing of Bitcoin with large funds, of which the trend manifest in the postings on the forum can be viewed via the concept 'China'.

Results of Granger causality test and correlation test {#sec016}
------------------------------------------------------

In view of the after-effects of the Granger causality test, the null hypothesis was rejected. This suggests that the time series of the gathered data failed to forecast the fluctuation in Bitcoin transaction volume and price---i.e. *β*~{1,2,⋯,*b*}~ ≠ 0---with a high level of confidence. The Granger causality test was performed on the Bitcoin transaction count and price for a time lag of 1 to 12 days. Tables [3](#pone.0177630.t003){ref-type="table"} and [4](#pone.0177630.t004){ref-type="table"} list the test results.

10.1371/journal.pone.0177630.t003

###### Statistical significance (*p*-values) of bivariate Granger causality correlation between Bitcoin price and concepts of forum opinions.

![](pone.0177630.t003){#pone.0177630.t003g}

  Time Lag   Bitcoin Price                                                                                 
  ---------- --------------- -------- -------------- -------- -------- -------- -------- -------- -------- --------
  1 day      0.6204          0.3299   0.0914         0.5226   0.6678   0.4277   0.6371   0.8107   0.7004   0.3202
  2 days     0.5679          0.4181   **0.0011**     0.4320   0.6507   0.3697   0.6519   0.6195   0.1951   0.3786
  3 days     0.7593          0.3582   **0.0005**     0.3818   0.7483   0.4542   0.8595   0.391    0.3279   0.388
  4 days     0.7755          0.2349   **0.0005**     0.413    0.6438   0.5089   0.5715   0.6442   0.2472   0.4215
  5 days     0.8983          0.4554   **0.0017**     0.4653   0.821    0.568    0.5784   0.5936   0.3554   0.5256
  6 days     0.8783          0.8423   **0.000001**   0.5382   0.9669   0.5894   0.792    0.5116   0.3812   0.7491
  7 days     0.8763          0.8863   **0.000002**   0.5424   0.8627   0.616    0.4688   0.3092   0.3932   0.784
  8 days     0.8582          0.9234   **0.000003**   0.5537   0.9132   0.633    0.5301   0.3558   0.4583   0.9324
  9 days     0.8369          0.8167   **0.00007**    0.5666   0.9492   0.4762   0.3901   0.2966   0.4029   0.9656
  10 days    0.7949          0.7043   **0.0018**     0.6014   0.9504   0.474    0.3984   0.1223   0.2574   0.9796
  11 days    0.8005          0.6991   **0.0023**     0.5934   0.9305   0.4884   0.3482   0.1093   0.2409   0.9954
  12 days    0.6838          0.5004   **0.0006**     0.5916   0.9381   0.2453   0.0473   0.095    0.329    0.9753

10.1371/journal.pone.0177630.t004

###### Statistical significance (*p*-values) of bivariate Granger causality correlation between Bitcoin transaction and concept of forum opinions.

![](pone.0177630.t004){#pone.0177630.t004g}

  Time Lag   Bitcoin Number of Transactions                                                                                                
  ---------- -------------------------------- ------------- -------- ---------- ------------ ------------ -------- ---------- ------------ ------------
  1 day      0.4827                           **0.0142**    0.9888   0.0915     **0.005**    **0.0483**   0.5636   0.4659     **0.0195**   **0.0493**
  2 days     0.5696                           **0.0487**    0.1418   0.1997     **0.0048**   0.1803       0.3015   **0.05**   0.0595       0.0909
  3 days     0.6731                           0.1271        0.1130   0.2961     **0.0043**   0.1041       0.5669   0.0880     0.1005       0.1152
  4 days     **0.0160**                       0.0625        0.2018   0.4679     **0.0273**   0.2037       0.6715   0.1431     0.0705       0.2638
  5 days     **0.0450**                       **0.0004**    0.22     0.3464     0.2432       0.3233       0.4783   0.1845     **0.003**    0.5231
  6 days     **0.0023**                       **0.0001**    0.2252   0.1459     0.5689       0.2395       0.4350   0.2226     **0.0042**   0.7785
  7 days     **0.0009**                       **0.00003**   0.3597   0.1456     0.8021       0.3042       0.4575   0.3356     **0.0054**   0.8747
  8 days     **0.0011**                       **0.0004**    0.4325   0.1632     0.7045       0.4271       0.4080   0.3630     **0.0074**   0.949
  9 days     **0.0004**                       **0.0008**    0.5079   0.0844     0.7806       0.4939       0.4236   0.337      **0.0102**   0.9743
  10 days    **0.0008**                       **0.0013**    0.5734   0.056      0.5875       0.3762       0.5061   0.4175     **0.0165**   0.8722
  11 days    **0.00001**                      **0.0024**    0.6412   0.0589     0.6785       0.4631       0.6185   0.5021     **0.0185**   0.9269
  12 days    **0.00002**                      **0.0040**    0.7429   **0.05**   0.7327       0.5322       0.6857   0.4687     **0.0277**   0.9476

In addition, the Pearson Correlation Coefficient between the rating of each concept and Bitcoin price and transaction is shown in [Table 5](#pone.0177630.t005){ref-type="table"}.

10.1371/journal.pone.0177630.t005

###### Pearson Correlation Coefficient result.

![](pone.0177630.t005){#pone.0177630.t005g}

  Concept       Bitcoin Price   Bitcoin Number of Transactions
  ------------- --------------- --------------------------------
  Mining        0.3384          0.2353
  Transaction   0.071           0.0424
  Silkroad      -0.1189         -0.1139
  Illegal       0.2026          0.1523
  Blockchain    -0.0207         -0.0566
  Altcoin       0.6394          0.4553
  Wallet        0.436           0.3581
  China         0.1556          0.3115
  Security      0.0883          0.0564
  Investment    0.5949          0.4177

The foregoing results are partially indicative of the significance of the extracted keyword data. However, this process was only used for the purpose of verification. The entire data set was used to build the actual deep learning model for prediction.

Prediction results {#sec017}
------------------

We built and applied the deep learning model based on the gathered and KDE-based rating data to predict the Bitcoin transaction and price.

For the period from 1 December 2013 to 21 September 2016, 90% of the data were used for learning, with the remaining 10% used for validation. The accuracy rate, the Matthews correlation coefficient (MCC), and the F-measure were used to evaluate the performance of the proposed model.

[Table 6](#pone.0177630.t006){ref-type="table"} presents the prediction results. The most accurate prediction model for the Bitcoin price (accuracy rate = 80.39%) is based on the three-layer neural network and the previous twelve-day learning data. The most accurate prediction model for Bitcoin transaction (accuracy rate = 81.37%) is based on the two-layer neural network and the previous twelve-day learning data. [Table 4](#pone.0177630.t004){ref-type="table"} presents the results relative to the layer and learning data structures. Both three or more hidden layers and cumulative learning data for 12 days or longer resulted in negligible differences. Less than two hidden layers and cumulative learning data for less than 7 days proved to be insufficient for learning and compromised the prediction accuracy. Conversely, overfitting could possibly occur with the prediction accuracy failing to significantly improve, if more than five hidden layers and cumulative data for over 12 days were used.

10.1371/journal.pone.0177630.t006

###### Experimental results of predicted Bitcoin fluctuation.

![](pone.0177630.t006){#pone.0177630.t006g}

  Data Set          Bitcoin Price   Bitcoin Number of Transactions                                                       
  ----------------- --------------- -------------------------------- ------------ ------------ ------------ ------------ --------
  1 Hidden Layer    3 Days          55.88%                           0.559        0.1185       62.75%       0.6834       0.3911
  5 Days            60.78%          0.6074                           0.2134       68.63%       0.7319       0.4492       
  7 Days            63.73%          0.6374                           0.274        78.43%       0.8143       0.5504       
  12 Days           65.69%          0.6567                           0.3122       74.51%       0.7929       0.4608       
  2 Hidden Layers   3 Days          56.86%                           0.5688       0.1374       64.7%        0.776        0.1319
  5 Days            58.82%          0.5854                           0.1902       70.59%       0.8181       0.1506       
  7 Days            64.7%           0.6432                           0.3147       **81.37%**   **0.8346**   **0.5355**   
  12 Days           70.59%          0.7054                           0.4203       75.5%        0.7684       0.379        
  3 Hidden Layers   3 Days          65.69%                           0.6599       0.3087       66.67%       0.669        0.314
  5 Days            69.6%           0.7001                           0.3772       68.63%       0.6885       0.3546       
  7 Days            74.51%          0.7488                           0.4659       75.5%        0.7553       0.4959       
  12 Days           **80.39%**      **0.8076**                       **0.5771**   79.41%       0.7945       0.5766       
  5 Hidden Layers   3 Days          63.73%                           0.639        0.2771       64.7%        0.6438       0.308
  5 Days            65.69%          0.658                            0.3183       67.65%       0.6734       0.3561       
  7 Days            67.65%          0.6767                           0.3593       71.57%       0.7136       0.4223       
  12 Days           72.55%          0.746                            0.5439       70.59%       0.704        0.3992       

Discussion {#sec018}
==========

We analysed the user comments posted on a Bitcoin online forum to predict the fluctuation in the Bitcoin price and transaction count. Based on the easily accessible online data, the proposed method predicted the Bitcoin price fluctuation with an accuracy rate of over 80%. Moreover, online user postings influenced Bitcoin transactions. The proposed method shed light on some aspects of Bitcoin-related user comments affecting their decisions to buy/sell the cryptocurrency.

The causality test result indicated some topics associated with Bitcoin transactions. The Granger causality test result highlighted the concept 'China' as having a high causality toward the Bitcoin price with the p-value being 0.05 or less, which was significant. These findings suggest China exerts a strong influence on the Bitcoin price.

Furthermore, such concepts as Blockchain', 'Altcoin', and 'Transaction' had a high causality toward Bitcoin transaction count with the p-value being 0.05 or less, which was significant. This finding suggests that topics related to the circulation and transaction of other types of cryptocurrencies have an impact on the Bitcoin transaction volume.

In addition, the correlation test found significant linear relations in most concepts, excluding 'Silkroad', which showed an insignificant linear relation. Hence, the experimental findings revealed some user comments that had the most significant relationship with and effects on the fluctuation in Bitcoin price and transactions.

That said, the proposed method has a limitation in terms of its broader applicability due to the fact that the concepts were constructed for a long period of time. For instance, the correlation coefficient of the concept 'Silkroad' was 0 or lower even though its construction was based on topics often mentioned by users in relation to some events taking place during a certain period, which hindered the extension of the analysis of the concept to the entire sample period. Thus, appropriate subdivision of the sample period would help to obtain a more accurate understanding of the users for topic modelling and to refine the analysis with additional approaches including sentiment analysis.

Moreover, the present findings warrant further studies on the analysis of user comments relative to the characteristics of Bitcoin forums.

To increase the accuracy of prediction, it is necessary to address a few challenges. The present work is focused on analysing online forum user comments and adds some formal or structured data to predict the fluctuation in the Bitcoin price and transactions. However, it may add to the reliability of the findings if the search results and relevant content on search engines were quantitatively analysed or if the social network data were analysed as they did in some comparable previous studies\[[@pone.0177630.ref021], [@pone.0177630.ref040]\]. Furthermore, it may be an efficient preliminary study to analyse and classify online forum users per se\[[@pone.0177630.ref041]--[@pone.0177630.ref045]\]. In addition, the postings may be worth filtering more meticulously \[[@pone.0177630.ref046]--[@pone.0177630.ref050]\] to more accurately corroborate the findings.

Information derived from online forum users seems to be well-suited for extensive research on cryptocurrencies as well as Bitcoin. In the same vein, keywords manifested in online forum user comments could be used for further in-depth analysis and understanding of cryptocurrency transactions. Online forum users' propensities could also be a cue to identify the characteristics inherent in each cryptocurrency. Moreover, online forums are great sources of abundant informal and formal information, which serves to appreciate cryptocurrencies from diverse perspectives including money laundering, which is closely associated with cryptocurrencies \[[@pone.0177630.ref051]--[@pone.0177630.ref054]\].

Conclusion {#sec019}
==========

With the increasing circulation of Bitcoin, its acceptability has drawn much attention in many ways \[[@pone.0177630.ref002], [@pone.0177630.ref003], [@pone.0177630.ref005], [@pone.0177630.ref014]\]. The present study is noteworthy in that it analysed the topics often mentioned by Bitcoin users and linked their meanings to Bitcoin transactions. The proposed method for predicting the fluctuation in the Bitcoin price and transactions based on user opinions on online forums is conducive to understanding a range of cryptocurrencies other than Bitcoin and increasing their usability, although it needs to be reinforced. In addition, the present approach to the salience of user comments on online forums is likely to yield more significant results in many other fields.

Supporting information {#sec020}
======================

###### Results of crawling Bitcoin forum.

(ZIP)

###### 

Click here for additional data file.

###### Python-based crawler source code for Bitcoin forum data collection.

(ZIP)

###### 

Click here for additional data file.
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